Traditionally, well logs have been analyzed as each well is drilled and completed, allowing for careful human interpretation. Modern resource plays and old conventional plays may have thousands of newly available digital wells in a survey, providing both the opportunity and the need for computer-assisted interpretation workflows. Because seismic attributes provide significant help in the interpretation of the 100s of thousands of traces in a 3D seismic survey, we hypothesize that similar "well log" attributes should be able to help the interpretation of the thousands of wells that fall within a given 3D seismic survey. In this paper, we modify a one-dimensional Kuwahara filter to identify upward fining and upward coarsening trends routinely used in the interpretation of gamma ray logs. We believe that by mapping such quantitative estimates that the interpreter will gain deeper insight into the environment of deposition.
Introduction
Upward fining and upward coarsening patterns seen on gamma ray logs have been used to define the environment of deposition for three or more decades (Figure 1 ). Traditionally, well log analysis has been conducted interactively by human interpreters as each well is drilled and completed. Although each well may have multiple logs, a conventional play may have perhaps half a dozen new wells drilled in an active year. There are three disruptive advances that have changed this traditional paradigm, challenging and at times overwhelming traditional well log integration workflows, particularly in North America. First, with the "factory" type drilling associated with resource plays, a given field may see a new well drilled and completed each week. Second, more and more raster logs have been digitized, providing large volumes of legacy data that can (and ideally should) be integrated with 3D seismic data using modern interpretation workstation software. Third, with the recent low price of oil, there has been considerable buying, selling, and trading of oil company assets, with the goal of consolidating the company focus on just a few plays. For example, Chaparral Energy is now exclusively a STACK play company, while Pioneer Resources is now exclusively a Permian Basin company. While the well log data may be 50 or more years old, they are new to the new operator and need to be reinterpreted with the new drilling and completion objectives in mind.
It is not uncommon for a modern oil field to contain thousands of wells. More regional, basinwide analysis in the Anadarko, Fort Worth, and Permian Basins of the USA may include tens of thousands of digital wells. Rapid data integration of such large volumes is beyond the capabilities of a small team, let alone an individual interpreter. Xu et al. (2017) has developed a deep learning algorithm with the goal to better tie the major facies between thousands of wells in 40-year old conventional oilfield in NE China. In this paper, we assume that such ties have already been made using either deep learning or traditional correlation methods. Rather, our goals are to extract and quantitatively display the information within each facies in map form, with our immediate focus on mapping upward fining and upward coarsening values within a given parasequence set. Do to so, we will modify the Kuwahara filter (Kuwahara et al., 1976) original designed for medical image processing to better block and quantify the information content of well logs.
Method

The Kuwahara Filter
Kuwahara filters have been used in image processing noise suppression and edge detection for four decades. The classic Kuwahara filter is a context filter that compares the value at a point to neighboring points that fall within its "search space". Luo et al. (2002) use of the Kuwahara filter for structure-oriented filtering nicely illustrates the process. First, the mean and standard deviation of the seismic amplitude is computed within a fixed window centered about each voxel. Since the windows overlap, the second step is to examine the standard deviation of each window that contains the voxel of interest. The third and final step is to assign the mean of the window with the smallest standard deviation to the output point. Such a filter smoothes, but also preserves major edges. Marfurt (2006) generalized this algorithm to use an estimate of coherence instead of standard deviation, and a principal component value rather than the mean. Qi et al. (2016) modified the algorithm still further by applying it to 3D volumes of seismic attributes, thereby both smoothing and "blocking" the attribute response, preconditioning them for subsequent machine learning classification. There are many variations of this filter that are modified, or "tailor made" for specific applications. For example, Bartyzel (2016) developed an adaptive Kuwahara filter that searches over variable window sizes and selects that window size which provides the least variance. In this paper, we modify the Kuwahara window to facilitate measures of upward fining and upward coarsening seen on gamma ray logs.
Modifications to the Kuwahara Algorithm
Previous applications of the Kuwahara window have used a measure of constancy and variance to choose the best window. For our well log analysis, the mean, μk, and σk 2 at depth level k are defined as:
and
The Kuwahara filtered version is then μm where
Instead of finding the best constant mean, we want to find the best least-squares fit of an upward fining or upward coarsening pattern, or slope sk. To find the values of μk and sk, we minimize the squared error E 2 , in each centered window:
As previously, each analysis point k is contained in 2J+1 overlapping analysis windows. The best window, m, and hence, the best values μm and sm at depth k is defined by:
The filtered log value at depth k is thus
while the error or misfit is
. (7) Equation 5 uses a fixed window. Since equation 4 is normalized by the window size, we can generalize the Kuwahara filter to be over window size as well: Figure 2a shows a representative portion of a gamma ray law acquired in the Fort Worth Basin. The blue curve is the original gamma ray log, the orange curve shows the filtered gamma ray log and yellow curve shows the Kuwahara mean. Figure 2b shows the error, or misfit, ek, computed using equation 7 plotted at the same scale. Figure 2c shows the slope, sk, plotted at a different scale in API/ft computed using equation 5. It is this slope that we will use to construct upward fining and upward coarsening maps. The size of the analysis window was variable from ±20 ft. to ±100 ft.
Application
A Single Well Example
Mapping the Slope of Multiple Logs
We applied our methodology in a Barnett shale oilfield survey. We mapped an upward coarsening sequence from 24 well logs in Barnett shale and computed the Kuwahara slope for every well. We then generated a map of using convergent interpolation between the wells to see the trends of this sequence. Figure 3a shows the map of the Kuwahara slope and Figure  3b shows the representative upward coarsening parasequence on the well logs (see Infante-Paez et al., 2016) . These slopes can be correlated to the depositional environment and can be calibrated with other data such as cores to identify the high/low total organic carbon (TOC).
Higher rate of depositions is generally correlated with better preservation of organic matter and highly correlated with TOC in shale reservoirs like (Torres et al., 2017) .
Conclusions
Although our prototype Kuwahara algorithm needs additional development and calibration, we believe it to be one of the first attempts to use computer software to adopt some of the "attribute" software routinely used in 3D seismic interpretation to well log interpretation. Our initial goal is to quantify patterns of upward fining and upward coarsening sampled by hundreds if not thousands of wells within a given oil field. We still face the challenge of mapping trends at multiple scales to capture trends in small scale parasequences as well as in larger scale sequences. At present, these attributes are assumed to be applied and mapped from wells that have been tied by either traditional interpreter-driven correlation analysis or by emerging convolutional neural network analysis. Indeed, this type of geology-based attribute may serve as input to subsequent correlation technology. Figure 2 a) . The original gamma ray log, filtered log (L) and Kuwahara mean. 2b).The misfit between original gamma ray and filtered log value 2 c). The slope of the Kuwahara filter computed from an adaptive window ranging from 20 ft. to 100 ft. The best fit window is the window size with least misfit given by equation 5.Notice the trends on the Kuwahara slope aligning with the upward fining and upard coarsning sequences on gamma ray log ( shown by black arrows). show the wells used in the analysis. 3b). Gamma ray well log on the right shows the upward fining parasequence for which Kuwahara filter is applied.
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